Intelligent distribution network, located at the end of the smart grid, is integrating lots of inductor electronic smart components to realize intelligent decision based on big data and cloud computing technology. It is necessary to evaluate the performance of the big data and cloud computing in order to give better direction of the distribution network construction. This paper creates the big data and cloud computing performance evaluation index system, and proposed an evaluation method based on catastrophe theory and two-tuple linguistic. In the proposed method, linguistic assessments of experts are transformed into two-tuple linguistic firstly. And the catastrophe theory is expanded from real number to two-tuple linguistic based on its definition. Finally, a case study has been given, it has also confirmed the validity of the proposed method.
The integration of the cloud computing and big data in the distribution network is to meet the needs of large scale renewable energy. From this point of view, the current distribution network needs to re-design the grid structure, one of the key is to re-design the distribution line from the radiation into a highly interconnected network in order to make the power customers have more opportunities to improve their power margin. Therefore, modern distribution network is bound to be a flexible and autonomous power distribution system, and the main changes have the following several aspects:
(1) Through cloud computing and big data technology integration, the distribution grid can realize autonomous regional distribution, flexible voltage, AC/DC hybrid and P2P cellular network.
(2) Through cloud computing and big data technology integration, the information from the suppliers and the customers will be better matching by the cloud computing calculation, and the quality control center will select the required quality of electric power distribution to different customers.
(3) An integration control system will be installed in the dispatching center and it will control the power system maintaining in the most stable operation mode through the cloud computing and big data integration control system.
(4) All nodes in the smart distribution network are all equipped with communication networks so that they can control the power electronic equipment or power flow according to the status of the system or the fault of the system. the flexible and autonomous power distribution system can realize multi-quality power service and uninterrupted power supply, and the communication network management and operation of power electronic switches can achieve flexible network reconfiguration, it also can provide users with intelligent services.
From the future smart distribution network characteristics mentioned above, it can be seen that the largescale renewable energy will be easier received in the intelligent power distribution network in the future. New energy power distribution network has become worthy of the name energy Internet, the grid's characteristics is very large scale and high complexity of the future power network. It will not only supply power, but also transfer information. Because the distribution network connection mode is numerous, the intelligent distribution network connection mode will be more complex and diverse. Therefore, the intelligent distribution network connection mode has the following characteristics:
(1) Automatic the distribution network will inter grade the cloud computing capability and the big data source, so automatic ability of the real-time data monitoring capacity and automatic control ability will enhance further.
(2) Strength In the future, because of the access to the new energy, the power distribution network should have a high reliability, which can eliminate the index value of large area blackout. The integration of cloud computing and big data makes the network distribution more secure and reliable; it can detect and resist all kinds of failures in time to meet the needs of users; and be able to adapt to large-scale clean energy and renewable energy access, power grid's strong consolidation and upgrading; and reduce power loss, improve the use efficiency of distribution equipment, realize the optimal allocation of self-healing and assets, and give full play to the efficiency of power network.
(3)Compatibility As above mentioned, the new distribution network will access the new energy, so the compatibility of the distribution network like plug and play capability and demand side interaction capacity are also enhanced.
(4) Computing Cloud computing makes the intelligence and decision-making of the distribution network to further strengthen and distribution. Based on the cloud computing and big data technology, it is formed many small decision making units, which can make the decision information interaction easily to enhance the ability of scheduling, operation and control. And the important traditional work of the distributed network, like distributed computing and electricity requirement trend analysis, will much stronger than before.
(5) Flexibility Cloud computing needs to install the cloud computing terminal in the modern power distribution network, the power grid real-time data transmission is effective first filtering part of the data, especially in the intelligent power distribution network in the distributed power, energy storage devices, energy efficient use of integrated and efficient use of cloud computing and big data technology can make the distribution side and user interaction. Cloud computing and large data processing will be integrated, environmental protection, low loss of intelligent equipment, application of power distribution automation and communication technology, improve information interaction capabilities, improve scheduling, operation and control, and can achieve distributed power and diversified load easily plug and play, with automatic detection, isolation and recovery of the self-healing ability, power supply reliability and power quality to reach the world's leading level. All of these require that the wiring mode of smart distribution network must have sufficient flexibility.
Performance Evaluation System Construction
Combine the above analysis, the evaluation index system of the cloud computing and big data influence can be gotten as follows: 
EVALUATION METHOD BASED ON Catastrophe Theory and Two-tuple Linguistic

Catastrophe Theory
Catastrophe theory is a theoretical model proposed to study the discontinuous phenomenon in nature, which fuses topology and singularity theory with mathematical theory of stability. This model focuses on the phenomenon and the rule of the transition of a system from one stable state to another, and each state is described by a set of parameters. Unique value of the state function represents that the system is in stable, while non-unique value indicates an instable state with the parameters changing in some certain ranges, which can gradually lead the system to be stable and cause the catastrophe (Herrera and Martinez 2000) .
According to catastrophe theory, the critical points of each state in system are classified by the potential function V(x), and every potential function determines a catastrophe. The set of the points which can make the first derivative of V(x) zero is called equilibrium surface M, and it can comprehensively describe the whole process of the system catastrophe. Based on the difference of the control variables of V(x), generally, there are 7 basic catastrophe models: fold catastrophe, cusp catastrophe, swallowtail catastrophe, butterfly catastrophe, elliptic umbilical catastrophe, hyperbolic umbilical catastrophe and parabolic umbilical catastrophe. The first 4 models, whose state variables are all 1, are used commonly, and their features are shown in Table 2 (L. Zhang, Liu, Li and Fu, 2013; Ahmed, 2015) . x ax bx 
In Table 2 , the parameter x is the state variable, which stands for the behavior state of the system. The coefficients a,b,c,d are the control variables of each state variable with decreasing importance, which stand for the interactional factors in the system. The potential function V(x) denotes the relationship between state variable and control variables. And the normalized equation is used to obtain the catastrophe value of each control variable, which is also called catastrophe progression.
Two-tuple Linguistic
Two-tuple linguistic is a representation model presented by a Spanish scholar, Herrera, in 2000, for the decision problem of linguistic assessment information. It uses tuple to represent linguistic assessment information and carry out computation by the translation of symbols, which can effectively avoid the occurrence of information loss and distortion in the integration and operation process, and lead to the improvement in the accuracy of expression and computation result. Its definition and the introduction of computation operators are as follows (J. Qin and X. Liu, 2000 ii sa be a twotuple linguistic, then the following 1   can be the inverse function for ( , ) ii
Based on the three basic definitions above, the two-tuple linguistic distance and the operator for size comparison are as follows.
Definition 4 
Weight determined based on the similarity degree and deviation value
Firstly, the similarity degree analysis is used to determine weights between the index assessment value of each expert, and the details theory are as follows (Chen and Yan, 2011). 
The parameter  is a distinguishing coefficient and usually has the value 0.5. Then, obviously, the larger ( , ) In order to avoid blindly pursuing the consistency and ignore the impact of some experts on the results, this paper uses deviation determines the weights and the definition of the deviation and the corresponding weight determining method are as follows (J. Wan, H. Xing and X. Zhang, 2010 
Evaluation and Decision-Making Method
To clearly describe the index value evaluation and decision-making method, some symbols and parameters should be prescribed at first. The scheme set is represented by . Then, the steps of this method are as follows:
Step 1: Convert the linguistic assessment matrix into two-tuple linguistic decision matrix. According to definition 1, convert the index value information matrix () k ij m n l Dx   described qualitatively into two-tuple linguistic decision matrix 2 ( ,0)
Step 2: Determine the weights of experts. 1) Obtain the weights by the similarity degree. Firstly, according to definition 2 and 3, using the following equation to calculate the average assessment information of the group.
In it, the parameter l is the number of experts, and 
And the distance value in the equation of the grey correlation coefficient
Then, with the equation (7), the weight ' k e w of the expert k e can be obtained by
2) Obtain the weights by the deviation value. Firstly, according to the definitions of the transition function  and the inverse function 1   , for every scheme, use the following equations to calculate the assessment result of each expert   
3) Obtain the final weights of experts and calculate the final weight k e w based on equation (9) to compromisingly consider the similarity degree and the deviation value.
Step 3: Aggregate the assessment information of each expert. For every scheme under each index value indicator, aggregate the assessment information by the equation
Step 4: Calculate the total catastrophe value of each scheme.
1) Determine the catastrophe type of the second-level index value indicator and the corresponding normalized equations based on the control variable dimension of the catastrophe model determined by the number of third-level indicators. For example, a second-level indicator has 4 sub-indicators, i.e. the third-level indicators, then the butterfly catastrophe model should be chosen and the corresponding normalized equations are a xa  , xd  . However, this paper uses the assessment information in two-tuple linguistic rather than exact figures, so the normalized equation can be
XA is the two-tuple linguistic catastrophe value of   , ij ij XA after normalization and 2,3, 4,5 n  .
2) Obtain the two-tuple linguistic total catastrophe value of each scheme by recursive operation. In this process, two principles, complementation and non-complementation, should be followed. With the normalized two-tuple linguistic data, if there are complementary relationships among control variables, then use the average value to calculate the hierarchical catastrophe progression; if the control variables are mutually independent, then calculate by choosing the minimum based on the rule of comparison of two-tuple linguistic.
CASE STUDY
According to the above evaluation method, through expert survey calculation to obtain the final judgment matrix and the index values, according to the actual situation in the cloud computing and big data situation of three provincial power grids, the results of the three provincial power grids are as given.
Four power supply companies, A1, A2, A3, A4, and 3 senior experts are invited to assess these performances by questionnaire. The performances assessment set S={S 0 , S 1 , S 2 , S 3 , S 4 , S 5 , S 6 }, which means {Very Low, Low, Medium Low, Medium, Medium High, High, Very High}. Thus, the result is shown in Table III . Based on the proposed method, these companies can be ranked by their index value assessment.
According to the above steps, convert the linguistic assessment matrix in Table 3 into two-tuple linguistic decision matrix, then calculate the similarity degree and the deviation value with the corresponding weights, as shown in It can be seen from Table 4 and Table 5 that the assessment information of the expert 1 E is most similar to the group minds with the degree value 37.45. So when 1   , the weight of him 0.35 is the largest. And the largest deviation with the group belongs to the expert 3 E with the value 86.66. So when 0   , his weight 0.58 is the largest one. In order to give consideration to both methods, this paper chooses 0.5
 
, so {0.266,0.2876,0.4464} k e w  . According to Step 3, the aggregation result of experts' assessment information is shown in Table 6 . Then, follow Step 4 to determine the catastrophe type of the second-level indicator. Economic risks and trading risks with two sub-indicators belong to cusp catastrophe model, while internal management risks and external competition risks are swallowtail catastrophe models, and the ascription of policy risks is butterfly catastrophe model. Use the equation (19) to normalize these index value indicators, and while doing this, attention must be paid to the importance ranking of their control variables. In the index system mentioned above, the third-level risk indicators are all sorted by importance except indicators of policy risks. So, taking it as an example, this paper shows its two-tuple linguistic catastrophe values after normalization in Table 7 .
In the process of recursive operation for these two-tuple linguistic values of the third-level indicators, economic risks follow the complementation principle, while others follow the non-complementation one. Then the catastrophe values of the second-level indicators of each scheme and their normalized values can be obtained. And the importance ranking of them is 4 2 3 5 1 R R R R R     , as shown in Table 8 .
Finally, let the second-level indicators follow the complementation principle and obtain the two-tuple linguistic total catastrophe values of all schemes: 11 ( ,0.166) As  , 21 ( ,0.158) As  , 31 ( ,0.144) As  , 41 ( ,0.156) As  . According to the principle in Step 5, the ranking result of these 4 power supply companies is 1 4 2 3
A A A A . 
